Abstract: Knowledge of phytoplankton community structures is important to the understanding of various marine biogeochemical processes and ecosystem. Fluorescence excitation spectra (F(λ)) provide great potential for studying phytoplankton communities because their spectral variability depends on changes in the pigment compositions related to distinct phytoplankton groups. Commercial spectrofluorometers have been developed to analyze phytoplankton communities by measuring the field F(λ), but estimations using the default methods are not always accurate because of their strong dependence on norm spectra, which are obtained by culturing pure algae of a given group and are assumed to be constant. In this study, we proposed a novel approach for estimating the chlorophyll a (Chl a) fractions of brown algae, cyanobacteria, green algae and cryptophytes based on a data set collected in the East China Sea (ECS) and the Tsushima Strait (TS), with concurrent measurements of in vivo F(λ) and phytoplankton communities derived from pigments analysis. The new approach blends various statistical features by computing the band ratios and continuum-removed spectra of F(λ) without requiring a priori knowledge of the norm spectra. The model evaluations indicate that our approach yields good estimations of the Chl a fractions, with root-mean-square errors of 0.117, 0.078, 0.072 and 0.060 for brown algae, cyanobacteria, green algae and cryptophytes, respectively. The statistical analysis shows that the models are generally robust to uncertainty in F(λ). We recommend using a site-specific model for more accurate estimations. To develop a site-specific model in the ECS and TS, approximately 26 samples are sufficient for using our approach, but this conclusion needs to be validated in additional regions. Overall, our approach provides a useful technical basis for estimating phytoplankton communities from measurements of F(λ). 
Introduction
Phytoplankton are important organic organisms in oceanic waters due to their role as primary producers and as key players in biogeochemical cycling [1, 2] . Biological diversity is a typical trait for phytoplankton, and their community structure changes depending on various environmental conditions, such as temperature and nutrients [3] . Distinct phytoplankton taxonomic groups have different nutrient utilization efficiencies, photosynthesis rates, life cycles, biochemical requirements and roles in the marine food web [4, 5] . For instance, diatoms, which are the major utilizer of silicon, usually dominate in eutrophic waters and contribute approximately 20% of global carbon fixation, whereas cyanobacteria commonly exist in oligotrophic waters due to their high nitrite utilization rate. Additionally, some cyanobacteria are nitrogen fixers [5, 6] . Thus, knowledge of phytoplankton communities could improve our understanding of the functional roles of phytoplankton in various marine biogeochemical processes and in the marine ecosystem. Several traditional methods are available to determine the phytoplankton community structure, such as flow cytometry, microscopy and pigments analysis by high-performance liquid chromatography (HPLC). The measurements of flow cytometry and microscopy methods have limitations with respect to their particle size detection range. Moreover, microscopic observations are time-consuming and often rely on the observer's taxonomic experience [5] . HPLC pigment analyses are also popular methods for analyzing phytoplankton community structures [7] . Several marker pigments of distinct phytoplankton groups are selected to determine their fractional contribution to the chlorophyll a concentration (Chl a) (units: mg m −3 ) through statistical analysis [8] . A common disadvantage of all previously used methods to determine phytoplankton community structure is that their measurements depend on field water sampling. As such, the phytoplankton communities revealed by these methods are usually limited to discrete points that cannot accurately reflect their real spatial distribution. In recent years, based on satellite ocean color observations, several bio-optical methods have been developed to estimate phytoplankton communities and their size structure [9] . However, the current passive remote sensing technology usually observes only surface waters.
Fluorescence emission is an important physiological trait of phytoplankton [10] . The light absorbed by Chl a molecules is transferred for utilization in photosynthesis, and the excess energy is re-emitted as red-wavelength fluorescence or is dissipated as heat. Based on this trait, the measurement of in vivo fluorescence was introduced to detect changes in phytoplankton biomass in 1966 [11] . In addition to Chl a, the PSII pigment antenna of phytoplankton contains additional accessory pigments, such as chlorophylls, carotenoids and phycobilins, which absorb light from various regions of the spectrum [12] . Among the accessory pigments, photosynthetic pigments transfer almost all of the absorbed energy to Chl a; this energy is further transferred by Chl a in the same way as described above [10] . The pigment composition is taxa specific, and different accessory pigments have significantly different light absorption spectra [12] , which results in different fluorescence excitation spectra (F(λ)) (units: a.u.) for specific phytoplankton taxonomic groups [13] . Thus, F(λ) have potential for the analysis of the phytoplankton community structure [14] .
During the past decade, submersible spectrofluorometers, such as FluoroProbe (bbe moldaenke, USA) and Multi-Exciter (JFE Advantech Co., Ltd., Japan), were commercially developed to derive the phytoplankton composition by measuring in vivo F(λ) [15, 16] . Because of their easy operation and rapid measurement, these spectrofluorometers have become increasingly popular in aquatic ecosystem investigations, for instance, assessing freshwater water quality [17] , monitoring harmful algal blooms [18, 19] , and investigating the vertical distribution patterns of phytoplankton communities [20, 21] . These instruments utilize several modulated LED lamps with central wavelengths in the blue-green region to sequentially excite Chl a fluorescence (emission wavelength of approximately 680 nm). A detector is used to record the red fluorescence signals sequentially excited by the different LED lamps, and the recorded relative intensity of the fluorescence consequently forms the fluorescence excitation spectra F(λ). By culturing pure algae in the laboratory, F(λ) of specific phytoplankton groups are obtained; and these spectra are the so-called "norm spectra" and are stored in the instrument. Based on these "norm spectra", spectral unmixing analysis is used as the default method to derive the Chl a amount of individual phytoplankton groups from the field F(λ) of mixed populations (see details in [15] and [16] ).
Despite the increasingly common use of submersible spectrofluorometers in field surveys, the accuracy of the default estimations of phytoplankton communities is not satisfactory, as shown in this study later and as suggested by previous studies [22] [23] [24] . For instance, See et al. [22] found that the amount of Chl a of green algae and cryptophytes determined by FluoroProbe was overestimated when compared with the taxonomic analysis based on HPLC pigments. These inaccuracies are attributed to the spectral unmixing analysis, which strongly depends on the norm spectra [25] . As mentioned above, the norm spectra are usually obtained by culturing typical algae species representing distinct phytoplankton groups and are assumed to be constant. However, within a given phytoplankton group, phytoplankton species vary in different regions, especially from freshwater to oceanic water, which may produce considerable inter-variability for the norm spectra [13] . Thus, using constant norm spectra is not always appropriate to analyze the individual phytoplankton groups in various regions [25] . To reduce these uncertainties, researchers re-calibrated the norm spectra by culturing algae species that are common in their specific study regions [26, 27] . Although these re-calibrations improved the instrument performance, algae culture in the laboratory is time-consuming, labor-intensive and skill-required work. More importantly, the environmental conditions (e.g., light and nutrients) experienced by phytoplankton in the laboratory are different from those in nature. These environmental differences may cause differences in the light absorption and fluorescence emission spectra of cultured algae and those found in nature [24, 25] , resulting in uncertainties in the determinations of phytoplankton communities when using the cultured norm spectra to analyze the field fluorescence excitation spectra.
In this study, we developed a novel approach that does not rely on a priori knowledge regarding the norm spectra but rather uses purely statistical analysis of the features of field fluorescence excitation spectra F(λ) to determine the phytoplankton community structure. The model's ability, robustness and sensitivity were evaluated and discussed. This approach is straightforward, and local models can be derived in new regions once concurrent measurements of F(λ) and phytoplankton community are available.
Materials and methods

Study area and sampling
The data used in this study were collected during cruises in the East China Sea (ECS) in July 2011 and 2013 and in the Tsushima Strait (TS) in July 2012 aboard the T/V Nagasaki maru [ Fig. 1 ]. The ECS is one of the largest marginal seas in the western North Pacific. In summer, it receives a huge amount of nutrient-rich freshwater from the Changjiang River, forming the Changjiang diluted water (CDW) [28] , which enhances phytoplankton growth and modulated the community structure [29, 30] . The TS is a narrow, shallow strait between Korea and Japan that connects the ECS and the Sea of Japan. The water in the TS originates from the Kuroshio and the ECS in summer [31]. Field observations have suggested that phytoplankton groups in the TS possess the typical characteristics of those in the global oceans [32] .
During the cruise, a submersible multi-excitation fluorometer (Multi-Exciter; JFE Advantech Co., Ltd., Japan) was used to measure the fluorescence excitation spectra. This instrument was equilibrated in surface waters for several minutes and was then slowly lowered in the water column to a maximum depth of approximately 90 m. At each station, water samples were collected for measurement of the phytoplankton pigment concentrations at 2-4 layers, including the surface, subsurface chlorophyll a maximum (SCM), above the SCM and below the SCM, using 5-l Niskin bottles mounted on a CTD/rosette system. In total, 141 samples, with concurrent measurements of the phytoplankton pigment concentrations and fluorescence spectra, were obtained. 
Determination of the phytoplankton community based on pigment concentrations
Water samples (1-2 L) for the pigment analysis were filtered through 25 mm Whatman GF/F glass fiber filters under low vacuum pressure (<0.01 MPa) and dim light. The filters were immediately frozen in liquid nitrogen onboard and were stored in a deep freezer (−80 °C) onshore for subsequent laboratory analysis. The concentrations of 19 phytoplankton pigments were identified and quantified by reversed-phase HPLC with a Zorbax Eclipse XDB-C8 column (150 mm × 4.6 mm, 3.5 μm; Agilent Technologies) using the method of Van Heukelem and Thomas [33] , calibrated by commercial pigment standards (Sigma Aldrich, St. Louis, USA and DHI, Hørsholm, Denmark). The identification of pigment was based on the retention time and its absorbance spectrum with a photodiode array detector. The phytoplankton community structure was then derived from the HPLC pigment concentrations using CHEMTAX program (version 1.95) [8] , which is widely used for phytoplankton taxonomy studies [34] [35] [36] . In brief, this program yields the contributions of each phytoplankton group to Chl a (in terms of the Chl a fraction) using the ratio matrices of their biomarker pigment to Chl a and the corresponding HPLC pigment concentrations as inputs. Based on the knowledge of the phytoplankton communities in adjacent areas reported by previous studies [34, 35], 8 phytoplankton groups were considered in this study, including diatoms, dinoflagellates, prymnesiophytes, chrysophytes, cyanobacteria, prasinophytes, chlorophytes and cryptophytes. Prochlorophytes were excluded due to their absence from the majority of stations of our cruises. To obtain the most accurate analysis results, the CHEMTAX program was tuned to our study region, as described below [37] . Firstly, we ran the CHEMTAX program using biomarker ratio matrices based on those reported in adjacent regions as the initial values [34] . Then, using the output ratio matrices yielded by the last run as the inputs, the CHEMTAX program was ran again. This process was repeated until the outputs became stable.
Subsequently, due to the similar characteristics of the fluorescence excitation spectra F(λ) of phytoplankton groups [15] , the 8 phytoplankton groups identified from the HPLC pigments were combined into 4 groups, including brown algae, cyanobacteria, green algae and cryptophytes. The Chl a fraction of brown algae was calculated as the sum of the Chl a fractions of diatoms, dinoflagellates, prymnesiophytes and chrysophytes, and the green algae represented the combination of chlorophytes and prasinophytes.
Fluorescence excitation spectra measurements
The fluorescence excitation spectra F(λ) of phytoplankton at 9 wavelengths (center wavelengths of 375, 400, 420, 435, 470, 505, 525, 570 and 590 nm) were determined from the Multi-Exciter measurements. The excitation wavelengths were designed in consideration of the maximum absorption of photosynthetic pigments. The Multi-Exciter measures chlorophyll fluorescence emission at 685 nm, which was alternately excited by the 9 excitation wavelengths (see detailed descriptions in [16] ). Before the cruise, the instrument was calibrated by the manufacturer.
We also calculated the phytoplankton community using the default instrument method. Briefly, the default method uses a spectral unmixing model, which can be expressed as [16] 
where F(λ) is the measured total fluorescence excitation spectra, m is the number of considered phytoplankton groups, which is equal to 3 in the default method, C i (units: mg m −3 ) is the Chl a of the ith phytoplankton group, and N i (units: a.u. mg −1 m 3 ) is the norm spectrum of the ith phytoplankton group, which is obtained from the cultured algae in the laboratory. Figure 2 shows the comparisons between the Chl a fractions of the three phytoplankton groups and the HPLC pigment values. Large estimations errors were observed. The factors responsible for the poor estimates will be discussed later. 
Model development
The first-order variability in F(λ) is driven by phytoplankton biomass (strong relationship between F(λ) at 470 nm and Chl a was observed in our data set, with a R 2 value of 0.72), and the second-order variability (mainly reflected by spectral shape) is related to phytoplankton community changes. Therefore, this study attempted to analyze the phytoplankton community using the characteristics of the spectral shape of F(λ). We constructed two types of spectral features, the band ratio and continuum-removed spectra, to highlight the F(λ) shape variation. The band ratio (F BR (λ 1 , λ 2 )) (dimensionless) was defined as
In total, 36 F BR (λ 1 , λ 2 ) were constructed from all possible band combinations. The continuum-removed spectra F CR (λ 1 , λ 2 , λ 3 ) (dimensionless) was calculated as 2  1  2  3  3  2  1  1  2  3 ( ) ( , , ) ,
where F C (λ 1 , λ 2 , λ 3 ) is the minimal convex hull of a straight line fitted over the top of a spectrum. Continuum removal is a useful procedure to amplify the peak and trough of a spectrum and has been widely used in remote sensing studies [38, 39] . The physical meaning of continuum-removed spectra can be found in the studies of Van Der Meer [38] and Li et al. [39] . In this study, by considering all possible band combinations, we constructed 84 F CR (λ 1 , λ 2 , λ 3 ). By combining F BR (λ 1 , λ 2 ) and F CR (λ 1 , λ 2 , λ 3 ), 120 spectral features were obtained. Considering the potential information redundancy of these 120 features, principal component analysis (PCA) was performed to compress the data dimensions. Here, we performed PCA on the entire data set composed of both F BR (λ 1 , λ 2 ) and F CR (λ 1 , λ 2 , λ 3 ), rather than separate data sets of F BR (λ 1 , λ 2 ) and F CR (λ 1 , λ 2 , λ 3 ), because 1) variation magnitudes of F BR (λ 1 , λ 2 ) and F CR (λ 1 , λ 2 ,λ 3 ) were comparable, and 2) model performances using the two manners of PCA were generally similar. To simplify the model, we performed PCA on the combined data set of F BR (λ 1 , λ 2 ) and F CR (λ 1 , λ 2 , λ 3 ). In brief, PCA rotates the original axes to new, orthogonal axes, along which the variance decreases sequentially. The output of PCA consisted of two terms, the principal component (PC) modes and PC scores. PC modes are orthogonal eigenvectors that define the rotations of the axes, and PC scores are uncorrelated new variables that are the linear combinations of the original spectral features with the corresponding PC modes [40] . The PC scores were used to derive the Chl a fractions of the phytoplankton groups. In this study, the sigmoid function was used to quantify the relationship between the Chl a fractions of the phytoplankton groups and the PC scores and can be expressed as 
where f (dimensionless) stands for the Chl a fractions of brown algae, cyanobacteria or green algae; S i (dimensionless) represents the ith PC score; c 0 and c i are dimensionless and represent the model regression coefficients; and k (dimensionless) is the number of PCs. Because more than 99% of the variance of the original data set was explained by the first 8 PC scores, k was set to 8. The selection of the sigmoid function in this study was made with the consideration that the sigmoid function has upper and lower limits of 1 and 0 [41], respectively, so unrealistic estimation (beyond the range of 0−1) of the Chl a fraction values can be avoided. To determine the regression coefficients c 0 and c i , nonlinear least square method was used in this study [41] . The fitting residuals were normally distributed and independent of S i , implying that the regression analysis is reasonable. For cryptophytes, their fractions were calculated as 1 minus the total fractions of brown algae, cyanobacteria and green algae. As clarified in section 2.2, in our study region, it is appropriate to consider 4 phytoplankton groups in total, i.e., brown algae, cyanobacteria, green algae and cryptophytes. Considering that the sum of the fractions of the 4 groups should be equal to 1, and also the relatively low abundance of cryptophytes in our data set, we used the difference method to estimate cryptophyte fractions. It must be admitted that the difference method is empirical without optical basis; and errors in estimations of brown algae, cyanobacteria and green algae will be introduced to estimation of cryptophytes. However, such an approach is useful and has been widely used for determining phytoplankton size structure [42, 43] . Meanwhile, cryptophyte fractions estimated using the difference method have generally performed well, as shown in sections 3.2 and 4.1 following. The fractions of cryptophytes can also be estimated using the fitting method based on spectral features of F(λ) (in this case, using the difference method for green algae); we found that the performances using the fitting method and difference method were generally comparable (data not shown).
The flow chart of the model is shown in Fig. 3 . In general, our approach comprises three steps: 1) spectral features construction; 2) data dimension reduction by PCA and 3) function fitting. The model training procedure is conducted to obtain the PC modes and regression coefficients c 0 and c i , which are then used in the model to estimate the phytoplankton group fractions. 
Results
Data distributions
The phytoplankton composition showed wide dynamic ranges and significant variability [ Table 1 and Fig. 4 ]. The Chl a fraction of brown algae for all samples ranged from 0.263 to 0.986, with the largest mean value of 0.678 (standard variation of 0.193). The mean fraction of cryptophytes was the lowest, at 0.062, and the values of cyanobacteria and green algae were between the mean fractions of brown algae and cryptophytes. In the ECS, phytoplankton showed complex compositions during 2011 July. The brown algae of most samples was generally the dominant group, and cyanobacteria, green algae and cryptophytes had comparable fractions. However, in 2013, the phytoplankton communities were mainly composed of brown algae and green algae. In the TS, brown algae contributed the majority Chl a, and cyanobacteria were the second most important group.
Similarly, large variations were observed in both the magnitude and spectra shape of the fluorescence excitation spectra F(λ) [Fig. 5 ]. The F(λ) of most of samples possessed spectral peaks at 470 nm, and the peaks of some samples fell at 435 nm. Meanwhile, some samples had a second spectral peak at 570 nm. The F(λ) at 443, 470 and 570 nm significantly varied from 0.147 to 17.225, from 0.140 to 24.082 and from 0.131 to 3.580, respectively [ Table 1 and Fig.  5(a) ]. The magnitude changes were mainly related to variation in the phytoplankton biomass, which was confirmed by the strong correlation between F(470) and Chl a (r = 0.85, p < 0.01) in log-log space (data not shown). The variability in the magnitude of F(λ) was significantly reduced by normalization using the spectral mean values, while the variation in the spectral shape became more obvious, especially the spectral peaks at 570 nm [ Table 1 and Fig. 5(b) ]. To investigate the spectral characteristics of different phytoplankton groups, we examined the normalized F(λ) of several samples with the highest Chl a fractions of brown algae and cyanobacteria [Figs. 5(c) and 5(d)]. The normalized F(λ) dominated by brown algae showed clear peaks at 470 nm, while for cyanobacteria-dominant samples, peaks at 570 nm were more obvious, which were generally consistent with those reported by previous studies [15, 16, 24] . 
Table 1. Statistics of HPLC-derived Chl a fractions (f) of each phytoplankton group, fluorescence excitation spectra (F(λ)) and normalized F(λ) by the spectral mean value (N_ F(λ)) (N = 141). Max, Min, SD and CV indicate the values of maximum, minimum, standard deviation and coefficient of variation, respectively.
Performance of the estimation models
Based on the analysis of the spectral characteristics of F(λ), we constructed 120 spectral features to distinguish different phytoplankton groups. Subsequently, PCA was applied to reduce the data dimensions, and the PC scores and HPLC-derived Chl a fractions of the phytoplankton groups were used to fit the regression function [Eq. (4)]. The fitted functions were then applied to derive the Chl a fractions of different phytoplankton groups for the same data set used for model validation. We used the same data set for model calibration and validation in order to evaluate the model fitting performance. As shown in Fig. 6 , the F(λ)-derived Chl a fractions from the new model had good consistency with HPLC-derived values, even for green algae and cryptophytes, which had the lowest Chl a fractions in our data set. The data were generally clustered along an approximately 1:1 line, with R 2 values of 0.64, 0.68, 0.36, and 0.49 and RMSE values of 0.117, 0.078, 0.072 and 0.060 for brown algae, cyanobacteria, green algae and cryptophytes, respectively [ Table 2 and Fig. 6 ]. For most of the samples, the absolute difference between the F(λ)-derived Chl a fractions and the HPLC-derived values was less than 0.2 (within the ± 0.2 fraction range, as shown in Fig. 6 ). These results indicate that the newly developed method has good ability for deriving the phytoplankton community from F(λ). 
Table 2. Summary of the performances (RMSE) of the full models calibrated using the full data set, the East China Sea (ECS) models calibrated using the ECS data set and the
Tsushima Strait (TS) models calibrated using the TS data set. To evaluate the performance of the model, a cross-validation was conducted. The models developed in this study are essentially for calibrating field spectrofluorometers based on concurrent measurements of F(λ) and Chl a fractions of phytoplankton groups derived from HPLC pigments. After calibrations using our approach, the field spectrofluorometers can be used to determine phytoplankton communities accurately. We determined the adequate number of samples needed for model calibration by conducting a cross-validation using the variable jackknife procedure [44] . In brief, we randomly selected d samples (the number of samples of d) using MATLAB TM from the full data set (the number of samples of N, i.e., N = 141) with HPLC pigment and F(λ) measurements, which were used as the model validation data set. The remaining subset of N-d samples was used for model calibration. The random selection of d samples yielded a huge amount of possible combinations for the validation subset, which would significantly affect the overall computing time. Therefore, we only examined 1000 combinations for d samples, similar to the suggestions of previous studies [45, 46] . For each combination, the model calibration subset was used to determine the PC modes and the regression coefficients c 0 and c i following the model training procedure [Fig. 3, left  panel] , and the spectral features of F(λ) of the validation data set, together with the calibrated PC modes and c 0 and c i , were used to determine the Chl a fractions of each phytoplankton group [ Fig. 2, right panel] . Comparison between the F(λ)-derived fractions and the HPLC-derived values was then performed, and the RMSE values were calculated. This procedure was repeated for 1000 combinations of d samples. The values of the jackknife RMSE (RMSE_J) were calculated as the mean RMSE from 1000 trials. RMSE_J was also scaled to the RMSE from the model calibrated using the full data set (N = 141). Furthermore, to determine the minimum number of samples for model training, we varied d from 11 to 136 in intervals of 5 and conduced the above procedure for each value of d.
Models
As shown in Fig. 7 , similar variation patterns of the jackknife RMSE versus training sample number were observed for the four phytoplankton groups. The jackknife RMSE decreased rapidly from 0.250, 0.251, 0.246 and 0.119 for 11 training samples to 0.152, 0.126, 0.117 and 0.088 for 26 training points for the Chl a fraction estimations of brown algae, cyanobacteria, green algae and cryptophytes, respectively. For training samples larger than 26, the jackknife RMSE gradually became stable but continued to decrease slightly with increasing number of training samples. When the number of training samples reached 136, the jackknife RMSE decreased to 0.120, 0.086, 0.077 and 0.056, similar to the RMSE of the models calibrated on the full data set. These results suggest that the models developed in this study were generally robust for determining the Chl a fractions of phytoplankton groups. These findings imply that when using our new approach in the ECS and TS, approximately 26 samples are generally sufficient for model calibration and additional samples may only yield small improvements in model performance; this conclusion should be further validated in additional regions. Fig. 7 . Number of training points versus Jackknife RMSE (RMSE_J) (left axis) and the ratio of RMSE_J to RMSE of the model fitted on the full data set (right axis) for estimating the Chl a fractions of brown algae (a), cyanobacteria (b), green algae (c) and cryptophytes (d).
Analysis of the model sensitivity to uncertainties in F(λ) bands
To evaluate the models' sensitivities to each F(λ) band and the model's robustness, we conducted a sensitivity analysis experiment. During the experiment, random errors, which uniformly varied within ± 20% of the original F(λ) values, were added to one band of F(λ) for all samples at the one time. The synthetic F(λ) values were used to derive the Chl a fractions of phytoplankton groups using the models calibrated based on the original F(λ) data set. The relative changes in the RMSE values of the estimated fractions were calculated. We repeated this process 1000 times, and the mean values of the relative errors were calculated by averaging the changes across the 1000 repetitions. This procedure was conducted for each band of F(λ).
For the Chl a fraction estimation model of brown algae, the most sensitive wavelength was 435 nm, whereas for cyanobacteria, in addition to the blue bands, 570 nm showed large sensitivity (Fig. 8) . In contrast to the estimation models of brown algae and cyanobacteria, the model for estimating the Chl a fraction of green algae was most sensitive to 420 and 470 nm. The different wavelength sensitivities of these models may be related to the distinct spectral characteristics of F(λ) of different phytoplankton groups. Meanwhile, Fig. 8 shows that, except in cases of the effects of uncertainties in F(λ) at 435 and 470 nm for the fraction estimation model of brown algae and the effects of uncertainties in F(λ) at 435 nm for the fraction estimation model of cyanobacteria, when random errors ranging from −20% to 20% were incorporated into F(λ), the relative errors of the models for estimating the Chl a fraction of phytoplankton groups were less than 20%, especially for green algae. These findings indicate that the Chl a fraction estimation models are generally robust to uncertainties in F(λ). Fig. 8 . Relative estimation errors of the models for estimating the Chl a fractions of brown algae, cyanobacteria and green algae when 20% random error was added to each band of the fluorescence excitation spectra.
Preliminary model application
We preliminarily applied the developed models to one section profile (red line marked in Fig.  1 ) of F(λ) measured during a 2013 cruise in the ECS as a case study. The selected section comprised profile measurements of F(λ) at 7 stations. To remove potential measurement noise, the vertical resolution of F(λ) at each station was resampled from 0.3 to 0.4 m into 1 m. Subsequently, the estimation models were applied to derive the Chl a fractions of the phytoplankton groups.
As shown in Fig. 9 , clear differences among the Chl a fractions of phytoplankton groups were observed. In general, brown algae had the highest Chl a fractions in the whole water column, and the Chl a contribution from cryptophytes was the lowest. Brown algae often showed relatively higher Chl a fractions at the subsurface chlorophyll a maximum layer than the surface and bottom waters. However, at the west stations, which are often influenced by the nutrient-rich freshwater of the Changjiang River, abundant brown algae were detected in the surface water. For cyanobacteria, high fractions were only observed at the surface layers of the east stations, which are influenced by Kuroshio oligotrophic waters. Green algae contributed relatively little Chl a and were uniformly distributed in the water column. These variation patterns of the phytoplankton group distributions, which were derived from F(λ) using the models developed in this study, were generally consistent with those of previous studies conducted in adjacent regions [34] . Understanding the causes of the distribution patterns of phytoplankton groups is beyond the scope of this study; however, nutrient and light conditions related to water stratification and Changjiang River discharge are possible causes, as suggested by previous studies [35] . 
Discussion
New approach for the determination of phytoplankton community structures
Phytoplankton fluorescence is an important property that links the biology of phytoplankton to optics [10] . The spectral shape of the fluorescence excitation spectra F(λ) is strongly related to the phytoplankton community through the dependence of light absorption on the pigment composition [10, 13] . In this study, we observed large spectral variation in the fluorescence excitation and distinct spectral shapes for samples dominated by brown algae and cyanobacteria [ Table 1 , Fig. 5 ]. In general, the most obvious spectral differences were reflected in the spectral peaks at 435 and 470 nm, which are caused by changes in the accessory pigment composition, or in green regions, which are related to the phycobilins that commonly exist in cyanobacteria. These findings agree with those documented by previous studies [13, 25, 47] and provide a solid optical basis for deriving phytoplankton community structures from F(λ).
To capture spectral variation related to the phytoplankton community, we blended various spectral features using calculations of the band ratio and the continuum removal, which are useful tools that are commonly used in spectral analysis [39] . Although 120 spectral features were constructed, not all of these features had considerable variability. Thus, PCA was used to reduce the data dimensions and to select the features with the greatest variability to form new orthogonal variables. Note that the purpose of using PCA here was different from previous studies [45, 46, 48] , which used PCA to decompose the total spectral variation of remote sensing reflectance or light absorption into individual components. The first 8 PC modes explained more than 99% of the variance, and some modes were actually poorly correlated with changes in the Chl a fractions of some phytoplankton groups. Excluding these PC modes did not impact the model's ability to derive the phytoplankton community. This phenomenon was also true for the constructed spectral features that have minimal variation. To maintain consistency between the models for different phytoplankton groups and to ensure the easy operability of the new approach, we suggest using all the constructed spectral features and the first 8 PC modes when implementing our approach.
We must state here that our intent was not to develop a model that could be globally applied to derive phytoplankton community structures because the F(λ) of the defined phytoplankton group may vary to some extent due to changes in phytoplankton populations within the same group from location to location [13, 25] . In this study, although we combined the 8 phytoplankton groups derived from HPLC pigment analysis into 4 groups based on spectral similarity, we observed differences among the F(λ) values that were dominated by brown algae, especially between the ECS samples and the TS samples. In the ECS, brown algae-dominant F(λ) had peaks at 435 nm, whereas in the TS, the spectral peaks shifted to 470 nm (data not specifically shown). This shift was probably caused by the changes in the phytoplankton population within the brown algae because brown algae in the ECS were usually a mix of diatoms, dinoflagellates, prymnesiophytes and chrysophytes, while in the TS, they were mainly composed of diatoms. The inter-variability of the F(λ) of the same group may reduce the estimation accuracy of the phytoplankton community when using a global model in the ECS and TS. This was confirmed by the following experimental comparison. Using the approach of this study, local models were developed for the ECS and the TS, respectively. These local models significantly improved the estimations of the phytoplankton community, especially in the TS [ Table 2 and Fig. 10 ]. For all samples from the ECS and the TS, RMSE values decreased from 0.117, 0.078, 0.072 and 0.060 to 0.095, 0.069, 0.064 and 0.056 for brown algae, cyanobacteria, green algae and cryptophytes, respectively. Therefore, site-specific models derived using our approach may produce more accurate model estimations. A more detailed definition of phytoplankton groups than the 4 groups used in this study may reduce the inter-spectral variability of a defined phytoplankton group and thereby improve the estimations of the phytoplankton community. Because the abundances of dinoflagellates, prymnesiophytes and chrysophytes are low in our data set, it is difficult to evaluate this hypothesis at this stage. Several factors may possibly impact the approach developed in this study. Changes in the physiological states of phytoplankton related to varying environmental conditions may alter pigment composition and thereby F(λ) [47] . Such spectral variability may produce uncertainty in deriving the phytoplankton community. It is known that separation of the effects of phytoplankton community and physiology on F(λ) is not easy. In our data set, because of the lack of appropriate measurements such as time-series observations from a fixed station over an entire day, at this stage, it is difficult to quantify to the extent to which physiology vs. community regulates F(λ); we believe F(λ) should be mainly controlled by the phytoplankton community based on our observations. To possibly reduce physiological effects, we suggest that data sampling cover a large variation of the phytoplankton community and environmental conditions as conducted in this study, which should ensure more accurate model calibration. Moreover, colored dissolved organic matter (CDOM) also yields fluorescence at 680 nm, although its emission peak is at approximately 500 nm and the emission at 680 nm is usually weak in oceanic conditions [47] . The data set used in this study covered clear water from the TS and river-influenced waters from the ECS, in which CDOM varied greatly (absorption of CDOM at 440 nm ranged from 0.015 to 0.159 m −1 ), while our models still produced good estimations for the phytoplankton community [Figs. 6 and 10], similar to the findings of Kring et al. [49] . These results indicate that our approach is robust to changes in CDOM in our regions, but its applicability to waters with greater variation of CDOM must be determined.
In this study, the phytoplankton community used for model training and validation was determined from HPLC pigments by CHEMTAX program, which may not completely reflect the actual phytoplankton composition. CHEMTAX analysis depends both on photosynthetic and photoprotective pigments, while F(λ) is only theoretically associated with photosynthetic pigments. This would cause a disjunction between the fluorescence method and CHEMTAX analysis for cyanobacteria estimations in this study, since cyanobacteria determined by CHEMTAX is mainly based on zeaxanthin, which is a photoprotective pigment and does not regulate F(λ), while spectral features of F(λ) used for cyanobacteria estimations are probably based on phycobilins, which commonly exist in cyanobacteria and may mainly regulate their F(λ). This disjunction may bring some uncertainties in estimations of actual cyanobacteria fractions. However, for model calibration and validation, although we observed phytoplankton community determined by HPLC pigment analysis, our approach does not have to depend on this method. Once additional actual phytoplankton communities can be measured using methods other than HPLC pigment analysis, our approach can be accordingly adapted to develop estimation models of the phytoplankton community.
Comparisons with other approaches and implications
Compared with determinations of phytoplankton communities by flow cytometry, microscopy and HPLC pigment analysis, spectrofluorometer measurements are rapid and low-cost. More importantly, spectrofluorometer measurements are almost continuous, and thus, phytoplankton communities derived from F(λ) can more objectively reflect their actual distributions in water columns, while those determined by flow cytometry, microscopy and HPLC pigment analysis are limited to discrete water depths because of the strong dependences of their measurements on water sampling. However, the current default methods of commercial spectrofluorometers yield large uncertainties in the estimations of phytoplankton communities, as found by previous studies [22, 23, 50] and as shown in this study [ Fig. 2 ]. These uncertainties are attributed to the assumption of a constant value of the factory-set norm spectra obtained by culturing pure algae in the laboratory. In contrast, our approach does not require a priori knowledge of the norm spectra, and the site-specific models can be easily developed based on synoptically-collected F(λ) and the phytoplankton community. This allows our approach to accommodate the inter-variability of the F(λ) of the same phytoplankton group induced by possible changes in phytoplankton species within the given group and the environmental conditions.
In addition, as an improvement to the study of Alexander et al. [51] , Harrison et al. [50] recently proposed an approach to obtain norm spectra directly from field measurements of F(λ) by statistical analysis, while this approach relies on the fact that the collected data set contains samples overwhelmingly dominated by one defined phytoplankton group (Chl a fraction close to 1). Note that in natural conditions, it is usually difficult to meet this requirement. For instance, in our data set, the highest Chl a fraction of cyanobacteria was less than 0.7, and the fractions of green algae and cryptophytes were much lower. In contrast, our approach does not need specific samples as required by the approach of Harrison et al. [50] . For low-abundance phytoplankton groups, e.g., green algae and cryptophytes in this study, our approach could yield satisfactory estimations of the Chl a fractions [Figs. 6 and 10] . We must admit that our approach requires synchronous measurements of field F(λ) and the phytoplankton community derived from HPLC pigment analysis, while the analysis in section 3.2 suggests that approximately 26 samples are sufficient for model calibration [ Fig. 7 ]. This suggestion should be effective in the ECS and TS, while its validity in additional regions need to be further examined.
Except the fluorescence excitation spectra F(λ), the light absorption of phytoplankton (a ph (λ)) is also suggested to be related to the phytoplankton pigment composition and cell size [12] . Therefore, models have been proposed for the retrieval of the phytoplankton pigment concentrations, community and size structure from a ph (λ) [52] [53] [54] . These studies suggest that if a ph (λ) can be accurately measured using field instruments, such as WET labs AC-9 or AC-S, the pigment concentrations, community and/or size structure can be determined in the field. However, the field measurement of a ph (λ) suffers from the influences of non-algae particles and CDOM to a greater extent than fluorescence [16] , which increases the difficulty of obtaining accurate measurements of a ph (λ) using field instruments. These characteristics suggest that fluorescence is a better trait than a ph (λ) to estimate phytoplankton communities in the field.
Knowledge of phytoplankton communities is crucial to understanding various marine biogeochemical processes and ecosystems. The approach proposed in this study can be easily implemented to calibrate commercial spectrofluorometers to yield accurate estimations of phytoplankton communities. Recently, autonomous underwater vehicles and gliders have been successfully applied to water surveys [55] . Based on these platforms, spectrofluorometers can be used to study the spatial variability in phytoplankton communities across regions of interest. In addition, ship-borne and air-borne laser fluorometers have increasingly attracted attention in the measurement of fluorescence not only in surface but also profile with certain depth from space [56] . Once multispectral fluorescence excitation could be measured from space, the approach of this study could be adopted to derive phytoplankton communities from space. Overall, our approach provides a practical basis for the determination of phytoplankton communities based on fluorescence excitation spectra.
Conclusions
In this study, we proposed an innovative approach to determine phytoplankton community structures from field fluorescence excitation spectra. In contrast to the widely used spectral unmixing analysis method, this approach does not require a priori knowledge of the norm spectra of pure algae but uses statistical spectral features of the band ratios and continuum removal. The evaluation of the models derived using our approach showed good performance, with RMSE values of 0.117, 0.078, 0.072 and 0.060 for brown algae, cyanobacteria, green algae and cryptophytes, respectively. The models described here were generally robust when errors were introduced to the bands of the fluorescence excitation spectra. Our approach can be used to study the spatial variation of phytoplankton communities based on field measurements of fluorescence excitation spectra. This was confirmed by the reasonable spatial distributions of the derived phytoplankton communities obtained by applying the new approach in the East China Sea. In general, our approach can be easily implemented in other regions. In our site-specific model, we found that approximately 26 samples with concurrent measurements of the phytoplankton community and fluorescence excitation spectra were sufficient in the case of the East China Sea and the Tsushima Strait, but this suggestion and the model's applicability need to be validated in additional locations.
